Much of the literature on team learning views experience as a unidimensional concept captured by the cumulative production volume or number of projects completed by a team. Implicit in this approach is the assumption that teams are stable in their membership and internal organization. In practice, however, such stability is rare, as the composition and structure of teams often changes over time or between projects. In this paper, we use detailed data from an Indian software services firm to examine how such changes may affect the accumulation of experience within, and the performance of, teams. We find that the level of team familiarity (i.e., the average number of times that each member has worked with every other member of the team) has a significant and positive effect on performance, but we observe that conventional measures of the experience of individual team members (e.g., years at the firm) are not consistently related to performance. We do find, however, that the role experience of individuals in a team (i.e., years in a given role within a team) is associated with better team performance. Our results offer an approach for capturing the experience held by fluid teams and highlight the need to study context-specific measures of experience, including role experience. In addition, our findings provide insight into how the interactions of team members may contribute to the development of broader firm capabilities.
Introduction
In many contexts, ranging from product development to service delivery, a significant amount of an organization's work is conducted by fluid teams that aim to create innovative output (Edmondson and Nembhard 2007) . Fluid teams exist only for the duration of a single project and are composed of members who may join or leave a team during the course of that project. In settings characterized by such fluidity, simple measures of cumulative output may not accurately capture team experience, particularly when changes in team composition are substantial over time.
In this study, we consider an approach for capturing the experience held by fluid teams. In doing so, we extend the concept of team fluidity to allow not only for changes in overall composition but also for changes in a team's internal structure over time as junior members assume more-senior roles. This broader approach for capturing team fluidity allows for greater granularity in the measurement of team experience and a finer understanding of the determinants of team performance.
Scholars studying organizational learning have focused on understanding differences in rates of learning across firms and teams for some time (Dutton and Thomas 1984; Argote et al. 1990; Pisano et al. 2001 ). Explanations for this phenomenon include variation in resources devoted to improvement (Sinclair et al. 2000) , team structure (Hackman 2002) , team beliefs (Edmondson 1999) , and task experience (Schilling et al. 2003) . Further, teams and firms may differ on aspects such as the degree to which members observe others in the use environment (Nadler et al. 2003) and the extent to which the experience of individuals is specific to the context of a given team or firm (Huckman and Pisano 2006) .
Though the concept of team fluidity is recognized in some work on learning (e.g. Arrow and McGrath 1995; Cohen and Bailey 1997; Hackman 2002; Edmondson and Nembhard 2007) there have been relatively few field-based empirical studies of the phenomena (Arrow and McGrath 1995) . We focus on two factors that impact the accumulation of team experience: (1) the familiarity of team members with one another and (2) changes in the roles played by individual team members. Each of these factors gains increasing theoretical interest once one assumes that teams are not stable over time.
While the latter factor is not widely considered in existing literature, there is a longer stream of work on -3 -familiarity within teams as discussed in detail in the next section. Katz (1982) uses cross sectional analysis to identify the relationship of familiarity with communication patterns. Edmondson et al. (2001) use detailed case studies to provide theoretical support for the importance of familiarity in teams and Reagans et al. (2005) go further still, using longitudinal data to provide empirical support for familiarity in teams of surgeons.
Building upon this prior work, we aim to shed light on the degree to which changes in team composition may affect performance. First, we are able to combine project data from one firm with information about each member of each team in order to observe longitudinally how individuals move across teams over time. As highlighted by others, it is useful to examine team leadership when attempting to explain team performance, but even more beneficial to include all members of the team (Edmondson et al. 2001; Huckman and Pisano 2006) . We examine a measure of team familiarity that accounts for the degree to which each member of a team has worked with every other member of that team on previous projects. This measure allows us to consider the fluid nature of teams explicitly.
Second, we examine the impact of what we term role experience -the experience that individuals have operating in their current roles of either team member or team manager-on team performance. This concept allows us to explore the degree to which the buildup of team experience may be affected by changes in a team's internal structure.
The setting for our empirical analysis is Wipro Technologies, a large firm in the Indian software services industry. The importance of this industry has been steadily increasing in recent years due to its rapid growth and central role in globalization. Beyond its current relevance, the Indian software services industry is an appropriate setting for our analysis for several reasons. First, the business is based around the completion of projects, which allows multiple observations of the dimensions of team experience that are central to our study. Second, the technological sophistication of the firm we study-and others in this industry-yields a wealth of internal data not only about the composition and performance of teams but also about the characteristics of individual team members and the specific roles (i.e., management versus team member) they play on a given project. Similar to previous studies, we use project-level data, but we -4 -are also able to link project data to that for individual team members. In our study, we are thus able to use quantifiable information on team performance to analyze teams, team members, and outcomes for which the teams are responsible. With this clear linkage between a team's composition and its performance, we are able to shed light on the relationship between different measures of team experience and operational outcomes.
We find that team familiarity (i.e., the average number of times that each team member has worked with every other member of the team) is positively related with team performance, but do not find that various measures of individual experience-measured by the average years of either total experience or firm experience across team members-consistently have a significant effect on performance after controlling for team familiarity. When we substitute role experience for individual experience, we find evidence of positive, though somewhat different, effects for both managers and team members.
In the following section we examine the impact of experience on performance and build our hypotheses. Next we describe the setting for our study and our data. We then discuss our empirical approach and results and, finally, offer concluding remarks.
Impact of Experience on Performance
In his seminal paper extolling the performance benefits of a focused factory, Skinner (1974) argues that, "Repetition breed [s] competence (p. 115) ." The idea of repetition plays a major role in both organizational learning and in the creation of routines and capabilities in general (Nelson and Winter 1982) . While the strategy of "copy exactly" has worked well for Intel's fabrication facilities (McDonald 1998) , repetition in most settings is a more nuanced phenomenon, which we explore further below.
The learning curve, or the finding that cumulative production experience is associated with an increase in performance, plays a central role in the study of organizational learning (Wright 1936; Dutton and Thomas 1984; Adler 1990; Argote et al. 1990) . While most studies focus on the organization or team level, the learning curve is also seen at an individual level (Newell and Rosenbloom 1981; Delaney et al. 1998 ). Further work finds that organizations may learn at different rates (Dutton and Thomas 1984; Pisano et al. 2001 ) and that they may forget (Argote et al. 1990; Benkard 2000) . The finding of the majority of these works is that the key driver of improved performance is increasing cumulative experience. Organizations, teams and individuals each develop routines for solving problems. Learning then consists of the process of exploring, selecting and replicating new routines for performance improvement (Nelson and Winter 1982; Levitt and March 1988; Zollo and Winter 2002) .
Thus, with increasing experience one may get better at executing existing routines and developing new ones.
Other work within organizational learning suggests a more qualified and in some cases, pessimistic, view of the impact of experience on performance (Sinclair et al. 2000) . Building on the underlying state of the knowledge being used and the user's understanding of cause-and-effect relationships, Pisano explores the idea of learning-by-doing versus learning-before-doing (Pisano 1994; Pisano 1996) . He proposes that if a user understands a problem's cause and effect relationship then it is possible to reach a solution without going to the actual use environment. This suggests that the link between experience and performance might be weak in environments where learning-before-doing is possible. In a similar vein, Upton and Kim (1998) identify the risk of lock-in with different learning modes, and Edmondson et al. (2003) link the state of knowledge to differential learning performance.
The value of experience is also called into question by the idea of competency traps or core rigidities (Levitt and March 1988; Leonard-Barton 1992) . These suggest that groups may become fixed in their way of doing things and that as conditions change, the group will not respond. This implies that experience may have a decreasing, or even negative, return when change enters a model. Staw (1980) also highlights the potential negative impact of experience as he suggests that skill increases with tenure, but effort and drive decrease over time, generating an inverted U-shaped relationship to performance.
Team Familiarity
Beyond the cumulative experience of a team or its members, we are interested in the impact of team familiarity-the degree to which team members have worked with one another in the past-on performance. In settings where teams are stable over time in terms of composition or structure, a team's level of familiarity can simply be measured by its cumulative experience. This is often referred to as team (Cohen and Bailey 1997; Hackman 2002) . When teams are not stable, as in our study, familiarity and cumulative experience of a team are, in general, distinct concepts. In particular, certain team members may have worked with one another on past projects that did not involve all members of the current team.
As a starting point, it is important to consider why familiarity might yield superior performance.
The explanations can be broken down into two classes: (1) coordination and (2) willingness to engage in a relationship (Reagans et al. 2005) . With respect to the former, if a team is involved in a task that requires joint activity and the knowledge to be shared is tacit (Polanyi 1967) , familiarity may improve the ability of the group to act in a coordinated manner (Moreland et al. 1998) . For example, the literature on technology transfer suggests that the transmission of technical knowledge between two parties is often a social and costly process (Arrow 1969; Teece 1981) . Repeated experience with each other may provide a means to "unstick" some of this vital, but difficult to transfer information as the dialogue around potential solutions becomes more structured (von Hippel 1994; Monteverde 1995) .
Due to shared experiences, individuals may develop team human capital (Chillemi and Gui 1997) or network-specific human capital (Mailath and Postlewaite 1990 ) which aids performance. For example, to explain the near flawless operation of an aircraft carrier's flight deck, Weick and Roberts (1993) claim that familiarity leads to "heedful interrelating" which provides the team with a common platform for learning and action.
A similar argument with respect to coordination can be found in the literature on transactive memory systems. In particular, a transactive memory system-the combination of knowledge and an accurate representation of who knows what -can have a positive impact on performance (Wegner 1987 ).
This idea of knowing where key expertise resides may prove important if positions in a team are not predefined and judgment is used to assign individuals to tasks (Liang et al. 1995; Faraj and Sproull 2000) .
The second class of explanations for a positive relationship between team familiarity and performance revolves around the willingness of individuals to engage in a relationship. For example, team beliefs-in particular, team "psychological safety"-can impact both learning and performance (Edmondson 1999; Edmondson et al. 2001) . In particular, if team members do not feel comfortable in -7 -taking risks then learning will be hampered. Edmondson (1999) shows that team familiarity (among other things) can contribute to psychological safety. Additional work has shown that shared experience can lead to trust, thereby increasing the amount and quality of information shared by individuals (Granovetter 1985; Uzzi 1997; McEvily et al. 2003) .
As with individual and organizational experience, some question whether the benefits of team familiarity are always positive. Katz (1982) examines team longevity and finds that teams that stay together become more isolated from information sources and that this tendency counteracts the benefits of familiarity and internal communication. Therefore, the relationship between tenure and performance exhibits a curvilinear or inverted-U-shaped relationship. Using data from professional sports, Berman, Down and Hill (2002) also find support for a curvilinear relationship. Both of these studies examine longstanding teams. The inflection point at which performance degrades in Katz's study does not occur until after greater than five years together as a team (Katz 1982) . This suggests that project teams whose lifetimes are measured in months rather than years may be less likely to see a negative effect. Therefore, we predict: HYPOTHESIS 1. Team familiarity is positively related to team operational performance.
Team Structure and Roles
Changes in the internal structure of teams (i.e., roles of individual members) represent another aspect of team experience that becomes relevant once one assumes that teams are not perfectly stable entities. Our interest in this case is not in socially constructed roles and the conflict or confusion that may arise from changes in them (Katz and Kahn 1966) but rather in individuals' formal roles within teams. For example, in product development, a team made up of individuals with diverse backgrounds may maintain consistent membership but choose a different leader for subsequent projects based on which member has the most industry-specific experience relevant to a project (Sutton and Hargadon 1996) . Alternatively, a team may consist of a project manager, middle managers, and team members. After completion of a project, the project manager may leave the team, and one of the middle managers may be promoted to project manager. Here both membership and structure change. In each of the cases described, the change -8 -in structure or roles may impact performance. To capture these distinctions we introduce the concept of role experience -the experience that individuals have operating in their current role on the team. Our concept is similar to the idea of task-specific human capital (Gibbons and Waldman 2004; Gibbons and Waldman 2006) . Building on the work of Becker (1964) , Gibbons and Waldman propose that much of the human capital amassed in a job may be specifically related to the task repeated as opposed to being general or firm-specific. In our measure of role experience, we capture the bundle of tasks that make up each hierarchical role within a firm and create a measure useful for studying fluid teams.
Assuming that changes in roles are more than just changes in titles, and thus necessitate learning and using different skills, then a change in role may reset-or at least set backwards-the experience "clock". Therefore, we predict: Allocating existing experience and building new expertise is vital because of these conditions of growth, turnover, and pressure on cost and price.
We focus on software development projects, as they offer the opportunity to use numerous controls across projects. At a basic level, development involves capturing customer requirements, designing a solution, writing code to meet these objectives and testing the final output. Capturing the lines of new code, effort used and software language (amongst other factors) allows us to control for complexity across projects.
The median development project at Wipro during our sample period lasted six months and had a team size of 12 people. When a project is completed, the team typically breaks up and is distributed to new projects as opportunities arise. Some team members might shift to a project to fix bugs and add enhancements to the previous project and some might end up working together again, but development project teams typically do not stay together in their entirety over multiple projects.
Organizationally, Wipro is divided into multiple business units, each of which contains subunits.
Both marketing and staffing typically take place within the subunit. Wipro's current utilization rate is close to the maximum sustainable utilization when time for vacation, training, and transitions is -10 -considered. Given the firm's growth rate involuntary employee turnover is low at Wipro. Within a project team, there are both middle managers and project engineers in addition to one or more PMs.
Project engineers write software code, while middle managers are typically "player-coaches" who manage portions of projects and write code.
Typically, Wipro's presales personnel are responsible for estimating the effort and schedule requirements for a project with a customer. Once the estimates for a project are frozen, the project manager (PM)-sometimes multiple PMs for large projects-is assigned. The estimates are used to staff the project team. In a study, such as ours, that examines the relationship between the frequency with which individuals work together and performance, selection is an important concern. In general, PMs cannot select specific individuals for their teams. PMs receive potential team members from a subunit's HR function, and, if resources are not available within the subunit, the search is expanded first across the firm and then outside of it. The PM can exert control by rejecting potential team members, but he or she does not select the pool from which potential team members are chosen. This ability to reject team members could be problematic if exercised often. To examine this question empirically we use a Cox proportional hazards model to analyze every dyad of individuals who worked together in our sample (Cleves et al. 2004 ). We define failure as the pair not working together again on the same project and we looked to see if poor team performance on any metric increased the hazard rate 1 . None of our dependent variables (i.e. measures of team performance including effort deviation, schedule adherence, and post delivery defects) were significant predictors of the likelihood of a given dyad staying together. Further, the signs of these effects were not consistent with the selection story increasing our confidence that selection is not driving our results.
Data
Our sample begins with the universe of 1,004 development projects completed at Wipro from January Wipro is recorded using an internally developed web-based system. The system not only contains project performance information but also provides lifecycle models, project documentation, and reference tools.
Project managers enter data in monthly, quarterly, and end-of-project reports. Employees record which projects they are working on each week, and these reports undergo rigorous quality assurance and are subject to random audits. Typically employees are working on one project at a time. Employee demographic information, such as birth date and start date at Wipro, is drawn from the firm's multiple HR systems.
Dependent Variables
Identifying objective measures of performance in information technology has proven difficult (Banker and Kemerer 1989) , forcing researchers to rely appropriately on survey data (e.g. Faraj and Sproull 2000) .
We focus on two classes of objective, customer-facing measures of operational performance: (1) output -12 -quality and (2) adherence to schedule and effort estimates. We choose these measures, as they are used for internal performance measurement, they are important to Wipro's customers and they are outcomes over which the team has substantial control. For example, when Wipro administers its customer satisfaction survey, it includes separate questions related to quality and delivery.
Output quality. Our first dependent variable measures the quality of Wipro's output through a count of post-delivery defects. Customer acceptance testing occurs as a final step in most development projects and is the point at which code tested against the project's predetermined objectives. The customer (or a third party representing the customer) performs the testing, so the results are not open to manipulation by Wipro. In software engineering, the number of defects in acceptance testing is a common measure of quality (Boehm 1981; Jones 1986 ). The Wipro audit group checks with all projects that report no defects to confirm that customer acceptance testing took place.
Adherence. A basic measure of team performance, sometimes referred to as efficiency, is whether or not the team delivers the project on time and on budget (Boehm 1981; Faraj and Sproull 2000) . Sales personnel estimate both the schedule and effort required for a project prior to its start 3 . These estimates are agreed to with the customer and formally recorded. Wipro operates in a competitive marketplace, so the company is not able to build significant slack into these estimates, as customers could move their business to other firms. During a project, either estimate may be modified, primarily because of scope changes by the customer. Any revisions must be justified by a customer-approved change request. Prior to changing the estimate, both business and quality managers at Wipro must also approve the request to make sure that no manipulation is taking place. The revision process is not an opportunity for a PM to game the system, and a PM cannot revise estimates because a project is not making adequate progress.
We use the revised estimate in our analysis, as it more fully incorporates a project's final objectives. Role experience. We calculate the average role experience-measured in years-across individuals on each team. For project managers, we identify the first day that the individual appears in the Wipro dataset as a project manager and subtract that date from the project's start date. For this calculation, we look at all types of Wipro projects (e.g., maintenance, development, conversion, testing) to identify the role experience for a project manager. We repeat the same process for middle managers, identifying when they first became middle managers. Role experience for project engineers is the same as Wipro or firm experience because project engineer is the most junior role at the firm. We then calculate an overall project variable-role experience-as the weighted average of role experience across all team members.
We weight by the number of days each individual spends on the project.
Just under 5% of the PMs in our data are right censored for role experience, as they were promoted to their managerial positions prior to the start of our historical data (none of the middle managers are right censored). To correct for this censoring, we calculate a revised value for role experience. In particular, we examine first-time PMs in our data to identify the distribution of time at Wipro prior to promotion. We then add the median value of this distribution to the censored individual's start date at Wipro to determine the estimated date of promotion to manager. This estimated date is then used to calculate revised role experience. As a robustness check, we also use the 25 th and 75 th percentile values of time at Wipro prior to promotion and find no meaningful differences in the results.
In addition to the overall role experience measure, we calculate separate weighted-average role experience variables for all PMs on a team and for all project engineers on a team, but not for middle managers on a team. We focus on just PMs and project engineers for two reasons. First, the split is 5 The time period to calculate familiarity is an important question. Similar to the decay of learning (Argote et al. 1990; Benkard 2000) it is likely that team familiarity also decays over time. Given that the average project lasts six months and that the average Wipro employee in our data has two years of firm experience, we use two years. We run all models with familiarity calculated over three years and get similar results. We also conduct sensitivity analyses at higher values with qualitatively similar results although for these higher values we lose projects from our sample due to censoring as our historical data starts in 2000.
-15 -theoretically "clean", as it allows us to consider pure managers and pure team members. As noted above, middle managers (e.g., a module lead) hold a "player/coach" role in that they both oversee portions of the project (as managers) and write code (as team members). Second, if we add role experience for middle managers, we lose observations, as many projects do not have middle managers.
Control Variables
We control for numerous variables that could impact operational performance. Table 1 provides summary statistics and correlations for the key variables in our analysis.
*******************************Insert Table 1 about here******************************* Firm experience. versus that completed at the customer's location (onsite). We construct a measure of the offshore hours as a percentage of the total hours on a project. Increasing offshore percentage could improve performance if Wipro operated more efficiently at its India locations than at the customer location.
Alternatively, increasing offshore percentage could negatively impact operational performance if it created a disconnect from the customer, making it more difficult for Wipro to obtain necessary feedback.
Complexity. Our primary measure of project complexity is kilolines of new source code (KLOC). This measure is not without its flaws, but it is the most common measure of size and complexity in software engineering (Boehm 1981; Scacchi 1995) . Many of the traditional drawbacks of KLOC -such as defining what qualifies as a line of code and how to count thousands of lines of code -are mitigated in our case, as we consider only one organization that uses a consistent counting methodology (Jones 1986; Low and Jeffery 1990) . Software development has been shown to exhibit scale effects, so we use the logarithm of KLOC (Banker and Kemerer 1989) . We also add indicators for seven groups of software languages that appear in the data to address the fact that different languages require varying lines of code for similar functionality. 6 We also include an additional control for whether the project used one or more than one software language (70% and 30% of projects, respectively), as a project using multiple languages could be more complex than one of the same size involving only one language.
Team size. Increasing a team's size at low levels may improve performance due to the capacity and experience provided by an additional member. Increasing team size beyond a context-specific maximum, however, may increase coordination challenges resulting in decreased performance (Brooks 1975; Boehm 1981; Hackman 2002) . Team scale-up varies at Wipro, as some teams staff up immediately while others do so more gradually. We thus measure team size as the log of the total number of people who participated in the team over its existence.
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-17 -Effort. To capture the size of a project, we use the log of the estimated total person-hours dedicated to the project. We use the estimate rather than the realized value to avoid potential endogeneity as a project that misses its estimate would by definition use more effort than an identical project which does not miss its estimate. Similar to KLOC and team size, we would expect projects with more effort to be more difficult to manage. We thus expect increasing effort to have a negative impact on performance.
Duration of project.
We include the estimated duration of a project (measured in log days), as longer projects may perform worse given the challenges already discussed or because they risk additional employee attrition (Ethiraj et al. 2005) . We use the estimated value to avoid concerns of endogeneity..
Start year.
To control for potential learning and environmental conditions (such as changes in employee attrition) at the firm level, we include indicators for the year the project started. Substituting indicators
for the year the project ended does not meaningfully change our results.
Empirical Strategy
Output quality. With our dependent variable bounded by zero, linear regression may yield results that are inconsistent, biased or inefficient (Long 1997 ). Additionally our database has multiple projects per customer, so we need to control for time-invariant characteristics of customers that may impact adherence. Models for count data can address both of these issues and, because our data exhibit overdispersion, we use a conditional fixed effects negative binomial model (Hausman et al. 1984; Cameron and Trivedi 1998) . This model conditions on the total count within a given sub-group (e.g., customer). The model eliminates all instances with one observation per group and those groups where the dependent variable does not vary from zero. Given that not all projects complete acceptance testing, we are left with a sample of 309 projects for analysis.
Effort Deviation. For effort deviation we also wish to control for time-invariant attributes of customers.
We use a GLS random effects logistic regression model, as Hausman's specification test fails to reject the null hypothesis that the random effects model is consistent (Greene 2003) . After eliminating projects from customers with only one project in the database, we are left with 474 projects for our analysis.
Adherence. Given that effort, schedule and overall adherence are each dichotomous variables, we use a logistic regression model. We cannot simply add customer indicators to the logistic regression model, as the unconditional maximum-likelihood estimator is inconsistent when the number of units (in our case, projects per customer) is small (Greene 2003) . While the bias has been found to be small in unit values as low as eight, our data include unit values as low as two (Heckman 1981; Katz 2001) 8 , so we use the conditional logit. When using the conditional logit, we lose not only projects from customers with only one project in the database, but also those from customers for whom the outcome of interest does not vary. This restriction leaves us with a sample of 393 projects from which our estimates are generated.
Results and Discussion
We now examine our models for each of the two classes of dependent variables. Table 2 shows the results of our conditional negative binomial regression models testing the relationship between experience and post-delivery defects.
Output Quality
*******************************Insert Table 2 about here*******************************
In Column 1 we run a model with controls, firm experience, and team familiarity and find that the coefficient on firm experience is negative (implying a positive relationship with quality), but not significant at conventional levels. The coefficient on team familiarity is negative and significant, providing support for Hypothesis 1. An increase of one standard deviation in overall team familiarity results in an 18.6% decrease in expected defects. In Column 2, we again find that the coefficient for team familiarity is negative and significant at the 10% level. When we substitute role experience for firm experience, the coefficient for role experience is negative and significant at the 10% level, providing support for Hypothesis 2. An increase of one standard deviation in overall average role experience yields a 14.7% decrease in expected defects. In Column 3, the coefficient on team familiarity remains negative 8 We test our model specification using Hausman's specification test. In particular, if there are no customer effects then the estimators from the logit (unconditional maximum likelihood) and conditional logit (conditional maximum likelihood) are consistent, but the conditional maximum likelihood estimator is inefficient. Our alternative hypothesis is that the conditional maximum likelihood estimator is consistent and efficient and the maximum likelihood estimator is inconsistent (Greene 2003, pg. 699) . The test rejects the null hypothesis at p<0.05.
-19 -and significant at the 10% level. The coefficient on PM role experience is effectively zero, while that on project engineer role experience is negative and significant at the 10% level. An increase of one standard deviation in project engineer role experience results in a 14.3% decrease in expected defects. These results provide support for Hypothesis 3b, but not Hypothesis 3a.
Deviation and Adherence
As discussed above, we have multiple measures to evaluate the efficiency with which a project is delivered. Table 2 shows the results from the regressions for effort deviation. The dependent and control variables in each of the three models is the same as in the quality analysis. We see that in each of the models, familiarity is a significant predictor of superior performance for effort deviation. A one standard deviation change in team familiarity is related to an 18%, 30% and 36% decrease in effort deviation for Columns 4, 5 and 6, respectively. While familiarity is significant in each of the models, providing support for our second hypothesis, firm experience, overall team role experience, PM role experience, and project engineer role experience have their expected signs but are not significant.
We next examine effort adherence instead of effort deviation. Table 3 presents the results from each of the conditional logistic regressions. Column 1 presents a model with all of the controls, firm experience and team familiarity. The coefficient on team familiarity is positive and significant at the 10% level and a one standard deviation change in familiarity increases the odds of effort adherence by 37%.
Also, the coefficient on firm experience is positive and significant at the 10% level and a one standard deviation change in familiarity increases the odds of effort adherence by 49%. We note that this is the only model where the coefficient on firm experience is significant at less than 10%. In Columns 2 and 3,
we run the same model first substituting overall role experience and then substituting PM role experience and project engineer role experience for firm experience. In each model, the coefficient on team familiarity is positive and significant at the 10% level. In Column 2, role experience is significant and an increase of one standard deviation in role experience yields a fitted odds ratio of 1.38. In Column 3, the coefficients on both PM and project engineer role experience are positive and significant at the 10% level.
*******************************Insert Table 3 about here******************************* Table 3 show the models for schedule adherence. In each model, the coefficient on team familiarity is positive and close to the values in the corresponding models for effort adherence, although they are not significant at conventional levels. The coefficients on firm experience (Column 4) and overall team role experience (Column 5) are positive, but not significant. While the coefficient for project engineer experience is positive (Column 6), that for project manager role experience is negative, though neither is statistically significant.
Finally, we examine the relationship between our predictors and overall adherence (whether a project meets both its effort and schedule estimate). In Column 7, our model includes controls and both firm experience and familiarity. The coefficient on firm experience is positive, though not significant at conventional levels. The coefficient on team familiarity is positive and significant, providing support for Hypothesis 1. Interpreting this latter coefficient, we note that an increase of one standard deviation in team familiarity increases the odds of adherence by 44%.
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Column 8 substitutes overall role experience for firm experience. The coefficient for team familiarity remains positive and significant, while that for role experience is also positive and significant, providing support for Hypothesis 2. An increase of one standard deviation in overall role experience yields a fitted odds ratio of 1.30. When we divide role experience into separate components for PMs and project engineers, we find support for Hypotheses 3a and 3b (Column 9). The coefficient on team familiarity is positive and significant and an increase of one standard deviation yields a fitted odds ratio of 1.42. In this model the coefficients on both PM role experience and project engineer role experience are positive and significant at the 10% level. An increase of one standard deviation in each variable yields odds ratios of 1.27 and 1.24, respectively.
While our results partially support the proposition that role experience is positively related to project efficiency, we can imagine at least two alternative explanations. The first is that, with increasing role experience, a PM is better able to build slack into initial project estimates, thereby improving the -21 -chances of adherence. Because a PM is not responsible for her project's estimates, this manipulation is not possible. The second alternative explanation is that, with increasing role experience, a team is able to manipulate the revision process, thereby "tricking" the customer into a revision. 10 While Wipro has mechanisms to prevent this from occurring, we still test for the possibility that such behavior occurs.
Specifically, we find no relationship between any of our measures of role experience and changes in effort or schedule estimates. We also consider only positive revisions-those revisions where additional effort or schedule is added to a project-and again find no relationship. These results give us confidence that increased role experience is not related to increased manipulation in this setting.
Another alternative explanation could be that role experience simply captures repeated experience with a given customer. Increased experience with a customer could lead to improved understanding of project requirements or an exchange of tacit knowledge resulting in better adherence or fewer postdelivery defects. As such, we repeat the models in Columns 2 and 3 of Table 2 and Columns 8 and 9 of Table 3 including a measure of the team's average customer experience (i.e., the average number of times that each team member has previously worked with the customer for a given project). We do not include this measure in our base models as it is highly correlated with team familiarity (0.68). We only show the results with adherence as it is the most comprehensive measure of project efficiency, although other measures show similar results. *******************************Insert Table 4 about here******************************* Comparing the adherence results from the first two columns of Table 4 to the analogous models in Table 3 we see that the coefficients on both team familiarity and role experience are changed only slightly and that the coefficient on customer experience is not significantly different from zero. The story is slightly different with respect to quality. The coefficient for team familiarity in each model has decreased and is no longer significant . The values for the overall team role experience and project engineer role experience coefficients are similar to Table 2 , although the project engineer role experience -22 -coefficient is no longer significant at conventional levels. The coefficient on customer experience is negative, but not significant in either case. This robustness check supports our role experience findings, although it does suggest that, in the case of post-delivery defects, we cannot conclusively distinguish the effects of team familiarity and customer experience because of their collinearity. Separating these effects represents an area for potential future research.
Discussion
Consistent with Hypothesis 1, we find that familiarity among team members is positively and significantly related to both quality and adherence (with the exception of schedule adherence). Wipro software-development teams tend to be hierarchical in nature, with PMs being responsible for the assignment of work. It is possible that, as the PM gains experience with a team, she is better able to allocate responsibilities amongst team members and manage interdependencies. Also, a project engineer's experience with other project engineers may prove helpful for identifying and managing interdependencies. These coordination benefits likely impact both quality and adherence. The potential for an increasing willingness to engage in a relationship with an increase in team familiarity may be particularly helpful for improving quality. Given the difficulty in making in-process quality visible, familiarity among project engineers may be valuable as they build informal-advice seeking networks (Leonardi 2007) . With growing familiarity, project engineers also might be increasingly willing to put their reputations at risk by asking questions and sharing errors earlier in the process (Edmondson 1999 ).
We find partial support for Hypothesis 2. While the average firm experience of team members is not significantly related to quality or project efficiency in all but one of our models, overall role experience is associated with better performance in terms of quality and two of the four measures of project efficiency. Changes in roles at Wipro are more than just changes in titles and necessitate learning and the use of different skills. For example, the PM is responsible for allocating project work, interacting with the customer and monitoring progress but is rarely directly involved in writing code. Therefore, a change in role may reset, or at least set backwards, the experience "clock" of a new PM in some cases.
-23 - Reagans et al. (2005) find a curvilinear relationship between an individual surgeon's experience and her performance; increases in experience are first negatively related to performance, before eventually shifting over to a positive relationship. Among their potential explanations is that roles could be changing within teams of surgeons. While our work cannot conclusively say that role changes were the causal mechanism in their study, our findings provide support for that hypothesis.
We further explore the impact of role experience by introducing separate measures for project managers (PMs) and team members (project engineers). We find evidence of a differential effects of PM role experience and project engineer role experience on project efficiency and quality. While both measures are positively and significantly related to effort adherence and overall adherence, only project engineer role experience is positively and significantly related to quality. With respect to engineer experience, this result is likely due to a traditional learning-curve story-with repetition, project engineers become more effective coders and are able to monitor their own progress, manage their own interdependencies, and deal more effectively with the inevitable changes that most projects encounter.
Given that the PM role is fundamentally different from that of a project engineer, it is not surprising that PM role experience is differentially related to these measures of project performance as compared to PM firm experience. However, we do not find the same result when we look at quality. After follow-up discussions with Wipro personnel, we think that an important distinction may be one of observability.
Because the overall effort and the elapsed days for a project are both metrics that are easily and routinely monitored while a project is in progress, PMs are able to follow performance and adjust in response. To the extent that greater PM role experience provides more know-how in dealing with uncertainty and problems as they arise, we would expect-and find-PM role experience to be positively related with adherence.
We do not find an effect of PM role experience on output quality. This may be due to the fact that our quality variable is an end-state measure, which is difficult to track in-process. It is hard to know the quality of a project until the end. For a PM, additional role experience may help in structuring work more effectively, but given the difficulty in monitoring progress and making mid-course corrections, the -24 -overall benefit of experience for a PM may be more muted with respect to quality as opposed to adherence. Our findings thus suggest that experience as a manager is positively related to performance measures that can, in fact, be more easily managed in process.
Limitations
Like any study, ours has limitations, and one should be careful in applying its results. First, it is possible that any non-random assignment of individuals to teams might bias our results. Nevertheless, the approach used by Wipro to determine project teams and conversations with Wipro personnel suggest that project managers are typically not able to choose specific team members. Our hazard analysis also suggests that members of teams that are unsuccessful are not less likely to work together in the future compared to members of more successful teams. That being said, we cannot categorically rule out the possibility of bias. Second, there is the possibility that teams with more experience (on either measure) are assigned to projects with a higher priority with respect to adherence or quality. Assuming we are adequately controlling for project complexity and any other characteristics of higher priority projects that are correlated with experience, this effect should be diminished. Third, our results are from one firm in one industry, and it is possible that they will not generalize to other settings. Compensating for this drawback is the detailed information we have about team composition and quantitative performance measures. In this context, we are able to combine deep knowledge of a single firm with large-scale empirical testing of our research question.
Conclusion
Our study sets aside the assumption that teams are stable over time and uses unique data to examine how familiarity and role experience impact team performance. Our setting is a useful backdrop for exploring 11 During a discussion with a senior manager on this topic, he said that when he examined PM experience and project value in his business he found that his vertical had not assigned its most senior PMs to its most valuable projects.
- Third, our findings suggest the importance of considering role experience. Further work should both evaluate this effect in different empirical settings and explore additional questions, such as when a role is different enough to reset the experience "clock". Fourth, our results highlight the value of studying multiple measures of experience at different levels (Reagans et al. 2004) . By getting into the black box linking experience and operational performance, we see that task characteristics may play a key role in determining the value of different types of experience. In our case, PM role experience is positively related to some measures of project efficiency, but not quality, perhaps due to differences in observability.
-26 -Future work should explore these linkages further. Finally, our work offers depth on how the interactions of team members may contribute to the development of firm capabilities, as familiarity and role experience are both likely to be affected by the movement of individuals across firms.
While prior work (e.g. Reagans et al. 2005 ) has hypothesized about the value of having knowledge about how to carry out a role (role experience) and the value of coordinating across and amongst roles (team familiarity), these two constructs are often confounded empirically. Separating the two, as we have done in our analyses, is important both empirically and theoretically. By identifying and separating further the theoretical constructs that make up the experience of fluid teams, we are able to understand in more detail how each impacts team performance.
Our work also has important implications for managers. In many industries, fluid project teams are the rule rather than the exception (Edmondson and Nembhard 2007) . In contexts such as product development, consulting, investment banking, and service delivery, project teams are formed to produce a definable output and then are disbanded with members being assigned to new teams. Our findings suggest that managers should adopt a more nuanced view of experience in which they explicitly consider both experience within a given role as well as experience with other team members when making staffing decisions. For example, rather than just assigning a programmer with three years of experience to a given project, a manager may want to assign a programmer with three years of experience (with at least one year as a project manager) who has worked with at least 25% of the other project team members on previous projects. Though it may require firms to track additional data, this approach places new, and potentially important, levers of control in the hands of the manager. Notes. *, ** and *** denote signficance at the 10%, 5% and 1% levels, respectively. Post Delivery Defect models ar e conditional fixed effects negative binomial models which condition on the customer. Effort deviation models are GLS random-effects models with heteroskedasticity robust standard errors, clustered on the customer. Notes: *, ** and *** denote signficance at the 10%, 5% and 1% levels, respectively. All models condition on the customer (i.e. include customer fixed effects). Standard errors are heteroskedasticity robust. 
